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1  Introduction: Regulatory LCA 
New environmental regulations in the USA and Europe require a reduction of 
greenhouse gas (GHG) emissions from transportation fuels as a component of cli-
mate change mitigation policy. The US Energy Independence and Security Act of 
2007 (EISA) requires GHG emission reductions from the life cycles of biofuels com-
pared to gasoline, by 20% for ethanol from maize grain (maize-ethanol), 60% for 
cellulosic ethanol, and 50% for other advanced biofuels. To determine these reduc-
tions, the US Environmental Protection Agency (EPA) employs life cycle assess-
ment (LCA) methods which were not used previously in national environmental 
regulations. These regulations, entitled the “Renewable Fuel Standard 2” (RFS2), 
build on concurrent state efforts by the California Air Resources Board (CARB) un-
der the Low Carbon Fuel Standard (LCFS). These regulations can affect billions of 
dollars in financial incentives and market access for the existing biofuel industry 
and they will determine how new feedstocks for biofuels are developed in the future. 
Over roughly the last twenty years, LCA has been applied to biofuel production 
systems for determining GHG emissions and energy efficiency, but these evolving 
methods have been inconsistent [1–3]. These methods are used to estimate direct 
emissions from the life cycle from crop production to finished fuels, while also con-
sidering upstream emissions such as from fertilizer production. Contrary to these 
relatively simple analyses, the assessments currently developed under state and 
federal law are generally far more complex by including global modeling. The use 
of global models has been encouraged by findings that indirect effects from biofuel 
production, which are international in scope, lead to additional GHG emissions 
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that were not previously recognized. Emissions related to indirect land use change 
(ILUC) from biofuel production are now quantified under RFS2 and LCFS legis-
lation [4]. However, accounting for one indirect emission further necessitates the 
evaluation of other indirect changes in global emissions [5–6], which has led to the 
immense complexity now seen in federal LCA regulations. 
Fundamentally, LCA integrates diverse data sources associated with an indus-
trial process to: (i) quantify environmental impacts as continuous variables (e.g., 
GHG emission rates) and (ii) guide improvements in efficiency. The related field 
of risk assessment attempts to estimate the probability of discrete events that are 
not easily predicted, such as the timing of system failures [7]. In LCA, the most 
probable performance of a specific type of system operating in the recent past, cur-
rently, or in the recent future is estimated based on measurements of patterns and 
frequencies in industry (e.g., parameter values). By assembling a set of frequen-
cies describing the system (although with incomplete information), LCA is based 
on a probability theory that states that the frequencies of future events will be ap-
proximated by past frequencies, given enough replicated observations under sim-
ilar conditions [8]. 
The models employed in LCA are regulatory tools to archive knowledge, in-
terpret and predict the links between industrial activities and outcomes of inter-
est, communicate findings, and explore uncertainty and shortcomings in under-
standing [9]. 
2  Eight Principles of Uncertainty for LCA of Bio-
fuel Systems 
This chapter proposes eight principles of uncertainty for LCA of biofuels that will 
help to minimize errors in estimating direct and indirect emissions when designing 
and implementing regulatory LCA methods. Two main types of uncertainty arise in 
LCA models and other regulatory settings: (i) parameter uncertainty arises due to 
spatial and temporal variability in the numerical value of a parameter and a lack of 
information concerning this variability and its actual value at any one point (prin-
ciples 1, 3–6, 8) and (ii) model uncertainty arises due to the incoherence between 
the structure of a model and the system under investigation and includes uncer-
tain system boundaries (principles 1–2, 6, 8). 
The eight proposed principles below were developed because of how they re-
late to one another: 
1. biofuel systems are highly variable and complex; 
2. invariable LCA methods to assess this complexity do not exist; 
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3. information deficiencies are extensive in assessing this complexity; 
4. analysis of localized systems can reduce some variability and uncertainty; 
5. sensitive factors are often uncertain and undermine the accuracy of LCAs 
by orders of magnitude; 
6. expanding LCA system boundaries to a global level tends to increase un-
certainty and restricts the accuracy of using LCA for predicting system 
performance; 
7. clear presentation of data in LCA can ensure that biases are limited; and 
8. reference systems are just as complex and uncertain. 
These principles were developed based on previous research and new analyses 
presented here. 
3  Principle 1: Biofuel Production Is a Complex 
System of Systems 
The biofuel production process may best be conceptualized and characterized as a 
system of systems (SoS). The emerging discipline of SoS engineering is defined by 
the International Council on Systems Engineering in a manner appropriate for de-
scribing biofuels: 
“System of systems applies to a system of interest whose system elements are 
themselves systems; typically, these entail large-scale inter-disciplinary problems 
with multiple, heterogeneous, distributed systems” [10]. 
Five interdependent subsystems in fuel supply chains have been identified, 
which are similar for both biofuels and fossil fuels. These subsystems include: (i) 
feedstock production, (ii) feedstock logistics, (iii) feedstock-to-fuel conversion, (iv) 
fuel distribution, and (v) fuel end-use. In the case of maize-ethanol, for example, 
these components would comprise, respectively: (i) a cropping system (e.g., rain-fed 
maize-soybean rotation), (ii) a grain harvesting, transportation, and storage sys-
tem, (iii) a biorefinery and associated regime for co-product processing and use (e.g., 
feeding of distiller grains to livestock), (iv) a rail or potentially a pipeline, distribu-
tion network to fuel blenders, and gas stations, and (v) use of ethanol as either a 
10% blend with gasoline (E10) in most cars or use of an 85% ethanol blend (E85) in 
flex fuel vehicles. Within each of these five systems, technical, spatial, and tempo-
ral variabilities add to the uncertainty in defining its performance. 
The field of industrial ecology seeks to characterize the environmental impacts 
of the life cycles of production systems, with the goal of improving system perfor-
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mance. Among the methods in industrial ecology, LCA is recognized for the analy-
sis of a SoS [11]. In LCA, the complexities in the subsystems investigated must be 
greatly simplified and reduced to one or a few parameters (e.g., efficiencies) that 
best characterize the performances of the supply chain components. Using these ef-
ficiencies, LCA models are built to generate transparent emission inventories from 
a complex SoS (Figure 1). 
When applying LCA models to biofuels, the feedstock employed generally deter-
mines many of the key characteristics of the biofuel SoS. For example, the produc-
tion of ethanol from either grain or non-grain biomass requires the use of different 
harvests and logistical practices, biorefinery infrastructure and conversion meth-
ods, and co-product types [13]; ethanol and biodiesel also have different fuel dis-
tribution and use systems. Feedstock types also largely determine average gross 
bioenergy yields, which can greatly differentiate biofuel systems, and determine 
the profitability and adoption of these systems (Figure 2). Energy yield data is also 
Figure 1. A system of systems to GHG emission inventory for maize-ethanol. Inventory cat-
egories and data from [12].  
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essential for characterizing the thermodynamic efficiency of the life cycle (e.g., net 
energy efficiency) [14]. For example, soybean biodiesel produced in Brazil and the 
USA has about a ten-fold lower gross energy yield than biodiesel from oil palm in 
Malaysia, which can determine land use efficiency. Even looking within the state 
of Nebraska in the USA, theoretical gross energy yields for an integrated system 
producing cellulosic ethanol from maize residue and ethanol from grain can have 
about a two-fold higher yield compared to average ethanol yields from sorghum 
and switchgrass. 
Figure 2. Biofuel gross energy yields from average ethanol and biodiesel production systems 
using food crops globally (a) and from ethanol in Nebraska from various crops (b), based on 
reported average crop yields and field studies in Nebraska; co-products are not included. 
Source: data from [1] (a) and [15] (b).  
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4  Principle 2: Standardized LCA Methods for 
Biofuels Do Not Exist 
The International Organization for Standardization provides general recommen-
dations for the LCA for any metric or production system analyzed. They suggest, 
among other things, that “LCA is an iterative technique. Therefore, the scope of 
the study may need to be modified while the study is being conducted as additional 
information is collected” [16]. Generic standards that appropriately commend the 
continued improvement of LCA have been inadequate for defining consistent LCA 
practices for biofuels. 
Controversy has historically surrounded the assessment of the net energy bal-
ance (i.e., energy outputs/energy inputs) of the production of maize-ethanol. Most 
of the past studies of the life cycle of maize-ethanol have used LCA models with 
roughly 300 to 400 parameters, mainly composed of a combination of input param-
eters (e.g., application intensities or efficiencies) and emission factors (e.g., GHG 
emission intensities for primarily CO2, N2O, and CH4). In 2006, the Energy Re-
sources Group’s Biofuel Analysis MetaModel (EBAMM) was used to estimate the 
most appropriate values for key system parameters within consistent boundaries 
of six major studies [17]. The study found a 20% positive net energy return over 
energy invested and a 13% GHG emission reduction compared to gasoline. GHG, 
Regulated Emissions, and Energy use in Transportation (GREET) model from the 
US Argonne National Laboratory was one of the models analyzed in the EBAMM 
study. The GREET model has received the most development out of all life cycle 
models for biofuels and it now serves as a component model for both CARB and 
EPA regulatory LCA methods. 
Unlike measuring the mass of molecules, the methods employed in the LCAs of 
biofuels are not absolute but are dependent on relative system boundaries in addi-
tion to uncertain parameter values. The Biofuel Energy System Simulator (BESS) 
model was developed based on the EBAMM model but used new survey statistics 
for biorefinery energy efficiency and found that the life cycle of ethanol from maize 
was substantially more efficient than previously estimated. In Liska et al. (2009), 
maize-ethanol was found to reduce GHG emissions compared to gasoline by 51% 
on average for natural gas-powered biorefineries (based on direct emissions), which 
made up 90% of the USA’s ethanol industry in 2008 [12, 15]. Some of the data em-
ployed in that analysis was found to be less representative of the biofuel systems in 
question (e.g., electricity GHG intensity) and some parameter values were changed 
[18–20]. Based on the suggested changes and new co-product analyses, an updated 
analysis of maize-ethanol was found to reduce GHG emissions by 46.5 ± 2.3% com-
pared to gasoline, corresponding to an intensity of 52.2 ± 2.8 g of C dioxide equiv-
alent per megajoule (g CO2eq MJ−1) of energy in the fuel [20]. Using a modified 
GREET model, the CARB currently finds the same class of biorefineries to have 
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an intensity of between 60.1 to 68.4 g CO2eq MJ−1 [21] and the EPA estimates that 
maize-ethanol will have an intensity of roughly 43 g CO2eq MJ−1 in 2022 [22], not 
including indirect land use change emissions. 
These examples highlight some of the difficulties of having no standard LCA 
methods for biofuels, which is a reflection of the few guidelines that are specific 
enough to generate consistent quantitative measurements describing these sys-
tems. Seemingly small changes in system boundaries in these models can markedly 
change LCA results. Comparing denatured ethanol (which contains a low level of 
gasoline) and oxygenated gasoline (which contains a low level of ethanol), as done 
by the CARB, instead of a comparison of pure ethanol and pure petroleum, increases 
the GHG intensity of maize-ethanol by roughly 3 to 7 g CO2eq MJ−1 (or 3% to 7%) 
and biases against the use of ethanol [19–20]. 
Today, the models employed by regulators are the nearest methods to being de-
fined as standards, as they determine economic incentives such as market access 
and subsidies. Yet, difficulties exist as these immense, multi-faceted models now 
estimate global changes and likely do not accurately predict actual system per-
formance. There appears to be a USA consensus in the use of g CO2eq MJ−1 as the 
standard GHG emission metric because it is being adopted in regulations [1], al-
though European observers prefer g CO2eq km−1, despite variable fuel efficiency 
(km MJ−1), with different vehicle types [23]. To successfully assess the absolute re-
sults from any LCA, the corresponding regulatory policy or relative frame of refer-
ence must be identified. 
5  Principle 3: Empirical Data Are Scarce for Most 
Aspects of Biofuels 
To define a biofuel SoS using LCA, each subsystem must be sufficiently charac-
terized and particularly those that contribute the most to GHG emissions (see 
Section 6–8). In the case of maize-ethanol produced in the USA, the US Depart-
ment of Agriculture (USDA) provides recent data on crop yields at the county and 
state levels, updated annually, and fertilizer rates at the state level are updated 
every few years. To determine GHG emissions from these inputs, standard emis-
sion factors are available from the EPA and the Intergovernmental Panel on Cli-
mate Change (IPCC). 
More limited data are available for most other parameters. First, as of 2010, 
the last released USDA survey data on fossil fuel use for the USA’s maize pro-
duction was from 2001; the average energy use during that time is suspected to 
have decreased due to the use of more no-till practices [12]. Biorefinery efficien-
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cies have been based on limited recent surveys, often representing less than a 
quarter of the industry capacity (see Section 7.1) [12] and upstream emissions, 
such as from N fertilizer production, are not well-characterized for specific sup-
pliers. Ecosystem emissions such as from N2O and soil organic carbon (SOC) loss 
to CO2 have only been measured in limited studies (see Sections 7.2 and 7.3). In 
general, the most accurate average (i.e., expected value) for any variable will in-
corporate data from the full range of the probability distribution of observable 
values, instead of the use of clearly limited data that biases the analysis and mis-
represents the systems [8, 24]. 
To overcome these data deficiencies, regulators and other federal agencies are 
conducting more thorough and frequent surveys (the US National Agricultural Li-
brary has recently initiated the development of a LCA database, http://www.lca-
commons.gov [25]). The current LCA approach taken by the EPA, however, uses 
more industry averages and less data specifically for regulated facilities because 
such data collection was explicitly stated to be too burdensome. There are clearly 
declining marginal returns on investment for the collection of additional data; yet, 
regulators and those regulated must weigh the costs and benefits of increased 
investments. 
6  Principle 4: Local Biofuel LCAs Reduce 
Uncertainty and Errors 
Accuracy in LCA is achieved from the “bottom-up” based on measurements for in-
dividual system parameters, and it cannot be verified from the “top-down” using 
GHG emissions measurements of the entire SoS. Where system boundaries are 
fixed, uncertainty in LCA primarily originates from an information deficiency, and 
in general, more information is used to reduce this uncertainty [26]. The analysis 
of an individual biofuel production system can incorporate more easily accessible 
and well-defined information compared to an analysis of a whole industry contain-
ing many biorefineries; most LCAs combine a set of frequencies from different as-
pects of the system measured at different places and times. 
Crop production contributes approximately 50% of positive life cycle GHG emis-
sions from maize-ethanol and the use of state values for local refineries would re-
duce errors in estimating cropping emissions because of the variability between 
states [12] (Figure 1). Use of the 12-state Midwest average GHG intensity of 263 
kg CO2eq per Mg of grain corresponds to a roughly 48% GHG reduction compared 
to gasoline; yet, the use of individual state values produces a range of GHG reduc-
tions from 40% to 56% [12]. Use of the industry average provides a more favorable 
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assessment to underperforming states and does not recognize the higher efficiencies 
of other states (e.g., Iowa; Figure 3). Differences in emission intensities by state are 
primarily due to declining crop yields from north to south due to higher plant res-
piration and lower soil carbon levels in the south, which requires higher rates of N 
fertilizer to achieve the desired crop yields due to less indigenous N in the soil [12]. 
The uncertainty in defining the shape of the probability distribution function 
for a variable is, in general, thought to be a major source of model uncertainty [27]. 
The distribution of biorefineries relative to agricultural emissions is one example 
of a non-normal (e.g., lognormal or Weibull) distribution, although it is for a calcu-
lated metric and it does not arise from a single measurement. Biorefineries tend 
to be built where grain yields and nutrient use efficiencies are highest, thus max-
imizing profitability and establishment in states with lower GHG emissions per 
unit of crop yield (Figure 3). 
Another source of regional variability is associated with co-product production 
and use (allocation of emissions among co-products in LCA is another major issue 
for determining emissions that are related to model structure; related to Section 4 
[28]). Dry mill biorefineries generally produce dry, modified, or wet distiller grains 
with solubles (DGS), which can be variable from year to year. Beef cattle substitute 
more GHG-intense maize grain in their diets with DGS, compared to dairy cattle 
Figure 3. Distribution of ethanol biorefineries having specific crop GHG emissions per unit 
of grain produced. Source: based on data from [12].  
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and swine, which substituted relatively less grain and more soybean meal in their 
diets [20]. Co-product credits (emission off-sets, Figure 1) based on variable substi-
tution efficiencies have been found to range from 12 g CO2eq MJ−1 for dry DGS fed to 
dairy and swine to 18 g CO2eq MJ−1 for wet DGS fed to beef cattle (Midwest average 
at 15.2). Using recent industry statistics, the natural gas efficiency of dry mill bio-
refineries ranged between 8.33 MJ L−1 of ethanol when producing all dry distiller 
grains to 4.91 MJ L−1 when producing all wet distiller grains. Combining variable 
natural gas use due to co-product processing with variable co-product credits re-
sulted in GHG emission reductions at 43%–55%, compared to gasoline for Midwest 
average maize-ethanol, corresponding to 56–44 g CO2eq MJ−1 [20]. 
The above variabilities in cropping systems and co-product feeding is not cur-
rently recognized by federal or state regulators when assessing individual facilities. 
Significant variability in these systems necessitates that state-level agricultural 
GHG assessments be performed to ensure accuracy for regulating GHG emissions 
from individual biorefineries, instead of taking broad averages across USA agri-
culture. Use of state averages could reduce the errors associated with estimates by 
more than 20%, in some cases. 
7  Principle 5: Sensitive Parameters Cause Order  
of Magnitude Changes 
In addition to the relatively minor variability presented above, common variabil-
ity in the value of sensitive parameters can lead to order of magnitude changes in 
GHG emissions estimates. Of the three examples below, natural gas efficiency is 
the least sensitive, but it is more sensitive than the parameters above. 
7.1 Biorefinery Natural Gas Efficiency 
Natural gas use per unit of ethanol produced at the biorefinery appears to 
be the parameter by which normal variations lead to the largest differences in 
GHG emission intensities of the maize-ethanol life cycle. Using a 2001 survey of 
wet and dry mills, the EBAMM model employed biorefinery thermal energy in-
put values for natural gas and coal at 13.9 MJ per liter of ethanol, in total [17]. 
From 2001 to 2006, the capacity of the USA’s ethanol industry grew by roughly 
threefold and, by 2008, 90% of the installed biorefinery capacity was dry mills 
and 89% of the capacity was powered by natural gas [15]. Based on multiple in-
dependent surveys from 2006, the efficiency of new natural gas dry mills was 
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found to be roughly 7.7 MJ of natural gas per liter of ethanol produced, on aver-
age [12] (corresponding well with a much larger industry survey in 2008 [29]), 
thereby reducing thermal energy requirements at the biorefinery from 67% of the 
life cycle energy inputs to 56% of the inputs from 2001 to 2006. By substituting 
the 2006 efficiency value for the previous 2001 efficiency (for wet and dry mills) 
in the EBAMM model (thus, from 13.9 to 7.7 MJ L−1), maize-ethanol is found to 
reduce the life cycle GHG emission compared to gasoline by 55% (corresponding 
to 42 g CO2eq MJ−1), compared to the previous updated finding of a 13% reduction 
[17, 19]. This example shows a greater than four-fold difference in GHG emission 
reductions and clearly demonstrates the sensitivity of this single parameter and 
the need for accuracy in its definition. 
7.2 Agricultural N2O Emissions 
Nitrous oxide (N2O) is a potent GHG with a global warming potential that is 
298 times CO2 on a mass basis and is produced by agroecosystems via the deni-
trification of nitrate in soils and water [30]. In maize production, direct and indi-
rect N2O emissions from synthetic N applications are estimated to be roughly 36% 
of cropping GHG emissions based on default emission factors from the IPCC [15]. 
Additional N2O emissions from crop biomass and manure constitute another 13% 
of emissions, making N2O alone nearly 50% of cropping GHG emissions in maize 
systems, based on the IPCC values. The IPCC default values are used in national 
GHG emission inventories and represent a broad international consensus based 
on available studies. 
Yet, N2O emissions are highly variable due to soil moisture and temperature dif-
ferences and field measurements are costly and limited. When not calibrated with 
direct measurement data, six models were recently shown to predict N2O emis-
sions with a range nearly six-fold from 3.8 to 21 kg N ha−1 yr−1, suggesting that 
the use of N2O emission models without measurement data is “quite uncertain at 
this time” [31]. 
A recent analysis from Crutzen et al. [32] suggested that N2O emissions down-
stream from field N application could lead to higher total emission rates than pre-
dicted by the IPCC. Whereas, the IPCC suggests that 1.33% of N application in 
maize systems is converted to N2O on average (from direct and indirect losses) [15], 
Crutzen et al. [32] controversially propose that N2O emissions are 3%–6% of N ap-
plied due to additional background N2O emissions produced downstream. Inclu-
sion of these variable N2O rates leads to dramatically different results in the life 
cycles of biofuels. At 1.5% of N converted, roughly 15 g CO2eq MJ−1 is added due to 
N2O in the maize-ethanol life cycle [33]. At 5% N conversion, 41 to 56 g CO2eq MJ−1 
is added to the life cycle from N2O emissions, thus changing GHG emission reduc-
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tions of this biofuel relative to gasoline from roughly 40% to zero. Further research 
is needed to better quantify actual direct and indirect N2O emissions and this will 
be an important factor for all crop-based biofuels. 
7.3 Soil Organic Carbon Dynamics and CO2 Emissions 
Cropping systems associated with biofuel production can have a range of im-
pacts on soil quality. Yet, for the LCA of biofuel production, three examples of eth-
anol production systems show that changes in SOC are perhaps the most critical 
factors in determining net GHG emissions. 
Many studies have assumed that ethanol from residue leads to a biofuel sys-
tem with the potential for large GHG reductions compared to gasoline (e.g., 84%– 
106%) [34]. In producing cellulosic ethanol from maize residue, the impact of resi-
due removal on SOC loss and its impact on life cycle emissions is limited in recent 
scientific literature. Recent summaries of field research have found that crop res-
idue removal generally tends to reduce SOC levels [35–36]. If SOC is lost due to 
oxidation to CO2 based on a broadly accepted understanding of soil processes [37] 
(assuming soil erosion is also limited), then a simple calculation can determine 
the GHG impact of this loss. Removing 25% of maize residue could reduce SOC by 
roughly 0.3 Mg C per hectare per year, which would add roughly 88 g CO2eq MJ−1 
to other production emissions in this system; similar results are found at the 100% 
removal level (Table 1). Inclusion of this emission from SOC cancels out nearly all 
of the GHG benefits of this system, reducing emission reductions from roughly 90% 
to roughly 0–30%. These results challenge the prevailing understanding of soil pro-
cesses in the LCA of this system. 
Rates of SOC losses from maize residue removal were recently applied to sweet 
sorghum, a similar C4 crop, in a scenario in which all residue was removed [38]. 
By incorporating estimated SOC loss into the life cycle emission inventory, eth-
anol from sweet sorghum was found to be roughly 10%–20% more GHG-intense 
when compared to gasoline (Table 1). Alternatively, when all residue was as-
sumed to be left on the field, assuming no net SOC change, ethanol from sweet 
sorghum reduced GHG emissions compared to gasoline by 50% [38]. Thus, if not 
managed properly, SOC loss has previously been shown to be able to possibly ne-
gate all GHG benefits. 
In a third example, C sequestration (transfer of atmospheric CO2 to SOC) is a 
key variable for dedicated energy crops. Sequestration reduces net life cycle emis-
sions in switchgrass by more than 70%, which has led to estimates that this sys-
tem will reduce GHG emissions by up to 94% compared to gasoline [39]. However, 
limited measurements of SOC dynamics under harvested switchgrass and energy 
crops lead to the current uncertainty in determining accurate sequestration rates. 
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7.4 Setting an Uncertainty Standard for Biofuel LCA 
The examples above are essential for understanding some of the main sources 
of uncertainty in the LCA of biofuels and should be considered when making de-
cisions about setting acceptable uncertainty limits. Stochastic quantitative Monte 
Carlo methods can be used for integrating known parameter variabilities for a 
range of variables to accurately estimate an expected value of a population of sys-
tems [40–42]. Unfortunately, complete distributions for most parameters are un-
available and data on the most sensitive parameters are often neglected (i.e., N2O 
and CO2 from SOC). 
It seems appropriate that regulators should now establish an acceptable thresh-
old for parameter uncertainty when characterizing GHG emissions from the direct 
life cycle. For example, parameter variability may lead to emission results that are 
less than ± 5%–15% of the mean value (provided by the regulator) and may be sub-
sequently neglected, while measured variability that likely leads to actual GHG 
emissions being outside of that range must be incorporated into LCA methods to 
minimize bias. 
Table 1. Net CO2 emissions from SOC in the life cycle of ethanol from sweet sorghum (sugar 
only), maize residue, and switchgrass (latter two as cellulosic). 
 SOC  Energy  SOC  Production  Life  GHG 
Biofuel system  loss  yield  addera  emissionsb  cycle total  reductionc 
 Mg C hm−2  GJ hm−2          g CO2eq MJ−1   % 
maize residue, 25%d  0  13  0  10  10  89 
maize residue, 25%d,e  0.30  13  88  10  98  −3 
maize residue, 100%d,e  0.80  50  58  10  68  28 
sweet sorghumf  0  50  0  46  46  52 
sweet sorghume,f  0.80  50  59  46  105  −11 
switchgrassg  −0.27  60  −16  22  6  94 
a. The SOC adder (g CO2eq MJ−1) is determined by multiplying net SOC dynamics per hectare 
by 44/12 to convert to grams of CO2, then dividing by energy yield in ethanol, and correcting 
for units. 
b. Production emissions from residue use are approximations. 
c. Reduction of GHG emissions is compared to gasoline estimated at 95 g CO2eq MJ−1. 
d. Energy yields from residue removal [15]. 
e. SOC loss from residue removal [36]. 
f. Sweet sorghum yields [38]. 
g. Switchgrass data [39]. These calculations are consistent with calculations using more com-
plex models [4, 12].
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8  Principle 6: Indirect Emissions Are Numerous 
and Highly Uncertain 
8.1 Indirect Land Use Change 
The assignments of GHG emissions from various sources related to biofuel pro-
duction follow two general approaches in LCA, so-called attributional and conse-
quential approaches [6]. Attributional LCA is an approach in which emissions are 
quantified from components of the fuel production life cycle and allocation proce-
dures are used when more than one product is produced by the system [28]. Alter-
natively, consequential LCA attempts to identify the total marginal changes in any 
and all direct and indirect emissions that would occur as a consequence of some 
change in the output of the fuel. The consequential approach is thus more exhaus-
tive and relevant in evaluating the consequences of new policies. 
Global conversions of forests and grasslands to agriculture have contributed 
roughly one fifth of the global anthropogenic GHG emissions in the 1990s and 
roughly one third since 1750 [5]. Yet, the estimation of ILUC and its associated 
GHG emissions have been highly controversial. In spite of this controversy, ILUC 
estimates are included in state and federal LCAs. Resulting ILUC from biofuel pro-
duction is based on the notion that the global agricultural economy is in an equi-
librium, where production equals consumption. In response to a new biofuel in-
dustry, global agricultural markets need to meet the new demands in addition to 
the existing demands for food and feed. Because agricultural yields are slowly in-
creasing, rapid growth in biofuel production must be sustained by increasing the 
size of the existing global agricultural land base or by less consumption from ex-
isting consumers. Regardless of existing trends in deforestation, there is assumed 
to be an additional marginal incentive to convert forested land to agriculture from 
the development of new biofuel industries. This incentive is in the form of an in-
creased price that is transmitted through international agricultural markets from 
the source of demand (e.g., maize in the USA for ethanol) to distant agricultural 
markets and associated deforestation (e.g., soybean expansion in Brazil) [43]. Be-
cause these models estimate the most likely marginal change in land conversion 
based on a multivariate analysis, the impacts of biofuels cannot be directly verified 
by measurements [44]. Based on this understanding, deforestation rates can be ob-
served to be declining but these rates would have declined even faster, or even re-
versed, without biofuels. 
Global ILUC is quantitatively estimated by taking recent trends in agricultural 
productivity, agricultural supply and demand, commodity prices, trade substitu-
tions, international land conversion rates, and emission models to predict an un-
certain future [5–6, 45]. Global econometric models were developed to analyze the 
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impacts of specific policies on agricultural markets, but are now also used to es-
timate ILUC; e.g., the Food and Agricultural Policy Research Institute (FAPRI) 
model [4] and Global Trade Analysis Project (GTAP) [46]. Because ILUC projec-
tions are expected to occur in a probable future, projections become more inaccu-
rate with the time horizon as new variability accumulates. This is due to many 
unforeseen changes in global crop production and policies that may change the in-
centives governing land conversion around the world, such as global climate ac-
cords that could dramatically slow deforestation in the foreseeable future and re-
duce projections of ILUC emission rates. Because most models project ILUC over 
20–30 years into the future, it is very likely they will predict absolute land conver-
sion with a high degree of error. 
Despite these uncertainties, the mean value for the most recent estimates is be-
tween 14 and 30 g CO2eq MJ−1 for maize-ethanol production and these values have 
been tending to get smaller with further analysis (Figure 4), with at least one ex-
ception [47]. The ILUC emissions analysis by Hertel et al. [46] provides a wide dis-
tribution of probable ILUC rates. They also state that there is further uncertainty 
and these estimates should be interpreted as “order of magnitude” in accuracy [46]. 
Emissions from ILUC in Brazil from sugarcane-ethanol are equally uncertain [48], 
but tend to be getting larger with more analyses (Figure 4). 
Hertel et al. [46] reported a mean value of 27 g CO2eq MJ−1 with a coefficient 
of variation of 0.46; two standard deviations (SD) are shown; a minimum was re-
ported at 444 g in total over 30 years or 14.8 g CO2eq MJ−1 for the nonnormal dis-
tribution (Figure 4a). This was reported as a corrected value for total marginal 
ethanol liters over 30 years (1127 billion liters: increasing from 0 to 50.1 b. liter 
from 2001 to 2015, then constant at 50.1 until 2030; see Hertel et al. (C) in Fig-
ure 4a.). The upper value of Lapola et al. [48] reports total marginal emissions 
divided by total marginal liters of ethanol over 30 years in Brazil (746 billion li-
ters; from 2003 to 2020, increasing from 0 b. liter to 35.53, then constant at 35.53 
until 2032) and the lower value is the total marginal emissions divided by the to-
tal ethanol industry production over 30 years (1181 b. liters); Lapola et al. also 
includes direct land use change (DLUC) emissions. Mostly FAPRI or GTAP mod-
els were used (Figure 4). 
8.2 Multiple Indirect Effects and Global Economic Forecasting 
Deforestation is not the only indirect change in GHG emissions from the global 
agricultural economy due to biofuel production. A multitude of GHG emission 
sources and sinks are indirectly affected including emissions of CH4 and N2O from 
livestock, CH4 emissions from rice, soil C dynamics from changing cropping pat-
terns, and reclamation of dry and degraded land, among potential others [5–6]. 
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Figure 4. Estimated means and uncertainties of projected ILUC GHG emission rates due 
to maize-ethanol production over a 30-year period (a) and sugarcane-ethanol over a 30-year 
period (b).  
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Recent estimates showed that projected declines in livestock from rising grain 
prices from biofuel production could offset nearly 50% of the positive emissions 
from ILUC [5]. 
In the EPA’s RFS2 LCA methodology, multiple changes in direct and indirect 
GHG emissions from the USA and global agricultural economies due to ethanol 
production are quantified using at least eight highly complex models, incorporat-
ing tens of thousands of parameters [6, 22]. Because the EPA’s approach attempts 
to characterize so many diverse and disparate systems, namely, global changes in 
agricultural and ecosystem GHG emissions over roughly 20 years, this method is 
likely associated with a large degree of error (e.g., 30,000 emission factors are used 
to estimate emissions from land conversion alone, as one of two data sets included in 
the EPA’s partial error analysis, leading to a 95% confidence interval that is ±28% 
of the mean, Figure 4a). It is clear why no similar LCA approaches are found in 
the scientific literature: the uncertainty is too large and the probability is too low 
for accurately predicting the future global economy and land use over a period of 
20 years. In terms of complexity, the next closest LCA (but much simpler than the 
EPA’s) estimated the ILUC emissions due to biofuels by combining a LCA model 
(GREET) and a global econometric model (FAPRI [4]), which has been subject to 
prolonged controversy [5–6, 44–53]. 
When projecting global agricultural changes and ILUC, the magnitude of 
changes due to marginal price signals are determined by trade and agricultural 
markets, among other issues, that depend on global economic and financial condi-
tions [53]. A recent survey of economic predictions (data that are included in GTAP 
and FAPRI) emphasizes how quantitative estimates are often associated with large 
errors (e.g., the Black-Scholes equation [54]). Recurring financial crises undermine 
the accuracies of predictions made using economic models, among other issues. For 
example, in the period from 1800 (or independence) to 2008, 79% of countries in Eu-
rope and the Americas, on average, have experienced a sovereign default or debt 
rescheduling every 33.5 years (based on 39 countries); the author’s calculations are 
based on [55]. In addition, 98% of countries globally, on average, have also experi-
enced a banking crisis every 37.6 years (based on 66 countries from 1945, or inde-
pendence, to 2008). 
These trends suggest that economic failures regularly set countries off of trend 
line growth rates and undermine predictions of economic conditions. If scientists 
are not good at predicting economic contexts, they are also not good at predicting 
relative changes in these uncertain futures. For example, the Soviet Union eco-
nomic growth projections made in 1990 would have hypothetically estimated large 
biogenic C losses due to projected economic growth. However, in the real course of 
events, the Soviet Union experienced an economic and political collapse and the 
1990s witnessed a vast accumulation of C in the region [56–57] and economic con-
ditions likely would not have transmitted price signals as effectively. With the debt 
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crises in the USA and Europe, it may be possible that economic models are currently 
overestimating growth and ILUC in the future, which suggests that these projec-
tions should include statistical estimates of regular economic failures, thus more 
accurately representing a more probable future, to a degree possible. 
These circumstances raise important questions: What is an acceptable level 
of uncertainty when predicting multiple global indirect effects? What precedents 
should regulators recognize when establishing an acceptable uncertainty thresh-
old? What is the most efficient use of resources in producing multi-sector LCAs? 
In comparison with the EPA methods, global integrated models (combining so-
cial, economic, demographic, and environmental variables) have been developed 
and used over the past 40 years. Though, the accuracy of these results has been 
perhaps one of the greatest scientific controversies of the 20th century, dating back 
to Thomas Malthus [58–60]. Global models used in The Limits to Growth studies 
(1972, 1992, 2004) and emission scenarios for the IPCC, however, present a lim-
ited number of scenarios for the future and, unlike those of the EPA, they do not 
attempt to provide a single point estimate but provide a range of potentially equal 
probable results for consideration and explore the sensitivity of the relationships 
between multiple factors [61]. Despite the uncertainty and controversy surround-
ing these studies (and ILUC), the Millennium Ecosystem Assessment (2005) has 
generally confirmed the ominous projections for the environment from The Lim-
its to Growth (1972) [59, 61]. This research strongly suggests that modeling efforts 
may not produce accurate point estimates, but the general relationships elucidated 
in modeling studies can provide valuable insight for managing our resources and 
precautionary actions taken today are likely to reduce the risk of more environ-
mental degradation [5]. 
9  Principle 7: Transparency Is Essential for Regu-
latory LCA 
The intent to quantify all significant indirect emissions leads to a contradiction 
concerning transparency—the ability to see all of the methods and data used. The 
EPA has sought to ensure a high standard of transparency and has recognized 
that a lack of transparency may conceal biases in results. In 2001, the USA’s 
government-wide guidelines for information quality were established. The asso-
ciated guidelines state: “The more important benefit of transparency is that the 
public will be able to assess how much an agency’s analytic result hinges on the 
specific analytic choices made by the agency. Concreteness about analytic choices 
allows, for example, the implications of alternative technical choices to be read-
ily assessed” [62]. 
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To evaluate the technical choices made in use of data for LCA, ISO standards 
specify the need for qualifying information to supplement data used. The ISO stan-
dard specifies these requirements: “The data quality requirements should address: 
time-related coverage; geographical coverage; technology coverage; precision, com-
pleteness and representativeness of the data; consistency and reproducibility of the 
methods used throughout the LCA; sources of the data and their representative-
ness; uncertainty of the information” [16]. 
By using many tens of thousands of parameters, the RFS2 LCA is not likely to 
be 100% transparent. From the author’s discussions with the model developers, in 
some cases, the data are not available to inspect and are not supported by refer-
ences and different models provide conflicting results [45]. 
For implementing regulations with acceptable uncertainty limits, all observers 
are likely to agree that regulatory LCA methods should only be as complex as can 
be practically and transparently reviewed and supported by accurate data. Evalu-
ating all global indirect effects in one LCA is excessively complex, particularly for 
contentious EPA regulation. It is also clear that if sufficient transparency and ac-
curacy are not achieved, indirect effects should be considered to be excluded from 
regulations, merely because they greatly expand the number of variables employed, 
magnify the uncertainty involved, and lead to more and more arbitrary results, with 
corresponding severe penalties for the regulated parties; final EPA values today 
appear to be politically negotiated results. Where great complexity is to be char-
acterized (such as the global ripple effects of biofuel production across all sectors), 
proportional analytical resources should be employed to adequately acquire the 
needed data, explore the uncertainty, and determine the limitations of the meth-
ods employed. This has been done to some degree in the RFS2, but greater analysis 
is needed. Analysis of likely but uncertain indirect effects may be more appropri-
ately investigated during policy analysis before passage and implementation of en-
vironmental regulations and a more limited analysis provided by conventional LCA 
methods may be more appropriate for regulating the performances of supply chains. 
Yet, after the passage of the EISA, regulators still desire to approximately know 
the actual GHG emission impacts from this policy. Thus, an apparent contradiction 
inherent in LCA methods emerges: use less-certain and less transparent methods 
but include comprehensive estimates of global changes in GHG emissions due to 
biofuel production that incorporate a precautionary approach (the EPA’s approach) 
or use a more certain and more transparent assessment of biofuel supply chains 
that can be adequately monitored and regulated, while excluding uncertain global 
GHG consequences from biofuel production, but providing more reliable predic-
tions of system performance (the conventional LCA approach used in most stud-
ies). This appears to be the core question related to ILUC and LCA, but it also ap-
pears to be largely unanalyzed. 
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10  Principle 8: Fossil Fuel Reference Systems Are 
Diverse and Uncertain 
In 2008, 580 of the 651 largest oil fields globally (contributing >60% of the global 
production) were reported to have passed their peak production rates and are now 
producing an average of about 5%–6% less oil each year [63]. Because of growing 
global demand and limited oil reserves, unconventional sources of petroleum are 
being developed. These unconventional forms of petroleum (heavy oil, oil sands, oil 
shale, natural gas-to-liquids, and coal-to-liquids) are generally more costly to pro-
duce. However, as the price of oil has risen to over $90 per barrel in March, 2013, 
these alternative petroleum sources are now profitable to produce, but they are 
also more energy- and GHG-intensive to produce (Figure 5). These unconventional 
sources are becoming a greater fraction of the feedstock for gasoline, as the lighter 
crudes are depleted. 
Figure 5. Estimates of GHG emissions from gasoline reference systems (various sources). 
SAGD = steam-assisted gravity and drainage; TEOR = thermally enhanced oil recovery.  
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Canadian oil sands (tar sands) are an important example. Over the next 20 
years, with only considering growth from oil sands production, Canada was pro-
jected by the IEA to have the second greatest oil production growth globally behind 
Saudi Arabia [63]. By 2020, based on Canadian industry projections, it was previ-
ously projected that oil sands could contribute as much as 20% of the USA’s gaso-
line supply, up from a current fraction of 7% [5]. 
A recent analysis of the GHG intensities of gasoline blendstock from a range 
of countries around the world found that many countries are above what was es-
timated as the USA’s average in 2005 at 91.3 g CO2eq MJ−1 (Figure 5). Because of 
new diverse sources of oil being developed, it has been suggested that each gaso-
line producer should also be assessed in the life cycle GHG-intensity of its gasoline 
blendstock. This would put all fuels from every producer side-by-side for compar-
ison using LCA: this would be ideal for effective fuel policy to reduce GHG emis-
sions [68]. Where this cannot be done, at least the baseline for the average petro-
leum fuel should be assessed on an annual or biannual basis because of significant 
trends toward increased GHG-intense fuel sources. 
In addition to changing direct production emissions, indirect emissions from pe-
troleum fuels have received little attention. Indirect emissions from deforestation 
in Canada from oil sands petroleum is one example [69]. Military security associ-
ated with the acquisition of petroleum has also been estimated to contribute an ad-
ditional ~20% to the baseline life cycle emissions of gasoline from the Middle East, 
potentially offsetting ILUC emissions due to biofuels [6, 70]. 
11  Conclusions 
The above principles and examples should be considered when designing accurate 
and transparent LCA methods for researchers, corporations, and regulators. Of the 
issues addressed here, the emissions of N2O, CO2 from SOC and assessing multiple 
indirect emissions appear to be the current dominant challenges for reducing the 
uncertainty of biofuel LCA. These principles should be further developed to mini-
mize uncertainty and the use of arbitrary methods for the LCA of biofuel, particu-
larly in regulatory settings. 
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